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ral	 allocation	 of	 harvest	 to	 support	 the	 management	 of	 mixed	 populations	 of	
	migratory	species.









et	al.,	 2013)	 and	 the	 mechanisms	 for	 migration	 (Dittman	 &	 Quinn,	
1996;	Somveille,	Rodrigues,	&	Manica,	2015;	Whitlock	et	al.,	2015).	
The	 dynamics	 of	 populations	 in	 time	 and	 space	 are	 also	 of	 central	
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importance	 to	 the	management	 of	 exploited	migratory	 populations,	
which	may	be	subject	 to	 the	same	harvesting	effort,	despite	poten-
tial	differences	in	abundance	and	productivity.	Simultaneous	harvest	
of	multiple	 populations,	 exemplified	 by	mixed	 stock	 fisheries,	 pres-
ents	both	benefits	and	challenges	for	management	and	conservation.	
Yields	may	be	more	stable	across	years	because	of	the	buffering	effect	
of	 interpopulation	variability	 in	 life	history	and	phenology	 (Schindler	
et	al.,	2010;	Utter	&	Ryman,	1993).	On	the	other	hand,	targeting	mul-
tiple	populations	can	lead	to	high	harvest	rates	on	depleted	or	endan-











Friedland,	 &	Waldman,	 2005),	 including	 tagging	 (e.g.	 Brodziak,	 1993;	
Hoenig,	Latour,	&	Olney,	2008),	age	structure	(e.g.	Chasco,	Hilborn,	&	
Punt,	2007)	and	genetic	methods	(Grant,	Milner,	Krasnowski,	&	Utter,	
1980;	 Koljonen,	 2006;	 Milner,	 Teel,	 Utter,	 &	 Burley,	 1981;	 Utter	 &	
Ryman,	 1993).	 Genetic	methods	 use	markers	 such	 as	 allozymes,	 mi-











(either	 as	 observations	 or	 as	 known	 fixed	 quantities)	 (e.g.	 Bradbury	
et	al.,	2016;	ICES,	2017;	Michielsens,	Mäntyniemi,	&	Koljonen,	2004).	
Integrated	population	models	provide	a	 statistical	 framework	 for	 si-
multaneously	 analysing	multiple	 datasets	 (Abadi,	 Gimenez,	Arlettaz,	
&	 Schaub,	 2010;	 Besbeas,	 Freeman,	 Morgan,	 &	 Catchpole,	 2002;	
Buckland,	 Newman,	 Thomas,	 &	 Koesters,	 2004;	 Schaub,	 Gimenez,	
Sierro,	 &	Arlettaz,	 2007),	 linking	 changes	 in	 demographic	 rates	 and	
abundance	 via	 a	 model	 of	 population	 dynamics	 while	 accounting	
for	 both	 process	 and	 observation	 error	 (Besbeas	 &	Morgan,	 2014;	
Chandler	 &	 Clark,	 2014;	 Schaub	 &	Abadi,	 2011).	 Information	 from	
multiple	 datasets	 is	 combined	 using	 the	 product	 of	 likelihoods	 for	
independent	data	sources	 (Maunder	&	Punt,	2013;	Schaub	&	Abadi,	
2011).	Integrated	population	models	are	now	widespread	in	the	field	
















Marttinen,	&	Mäntyniemi,	 2006)	 and	offer	 improved	performance	 in	
both	mixture	 analysis	 and	 individual	 assignment	 (Bolker	 et	al.,	 2007;	
Bradbury	et	al.,	2015).	Bayesian	approaches	also	provide	solutions	for	
cases	where	the	number	of	genetically	diverged	sources	contributing	


































to	 their	natal	 river	 to	 spawn	 (Karlsson	&	Karlström,	1994)	and	may	
repeat	the	feeding	migration	to	spawn	multiple	times.	While	river	fish-
eries	generally	target	specific	stocks	as	a	result	of	homing	behaviour,	
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coastal	 fisheries	 targeting	 reproductively	 mature	 salmon	 on	 their	
spawning	migration	typically	exploit	a	mixture	of	stocks	(Crozier	et	al.,	
2004).	The	composition	of	samples	taken	at	different	coastal	locations	





















the	 integrated	population	model	 framework,	 combining	 raw	genetic	




and	 individual	 assignments	 in	 a	 genetic	MSA.	We	 also	 quantify	 the	
improvements	 in	accuracy	 that	 can	be	achieved	using	auxiliary	data	
on	stock	of	origin	group	(reared	vs.	wild	salmon	stocks),	when	mixed	
catches	comprise	partly	of	reared	fish.







Siira,	 Erkinaro,	 Jounela,	 &	 Suuronen,	 2009).	 In	 late	 spring,	 Gulf	 of	


























location	 and	 adipose	 fin	 status	 (present/absent).	 Alleles	 found	 in	 a	
mixture	 sample	 but	 not	 in	 the	 baseline	 are	 excluded	 from	 analyses	
as	 in	 Bolker	 et	al.	 (2007).	 Samples	 from	 traps	 located	 in	 the	 same	
model	box	(see	Figure	1)	were	combined	for	the	purposes	of	statisti-
cal analysis.
Hatcheries	 in	 Sweden	 routinely	 remove	 the	 adipose	 fin	 from	
hatchery-	reared	 salmon	 smolts	 released	 into	 exploited	 rivers	 with	
some	exceptions	(e.g.	for	experimental	purposes),	thus	providing	a	fur-






















by	 Pella	 and	Masuda	 (2001)	 (the	MSA	model	 is	 described	 below	
under	 Section	 2.6).	 In	model	 1	 (uninformative	 prior,	 genetic	 data	
only),	we	follow	a	standard	assumption	 in	MSA	and	assume	equal	
prior	probabilities	 for	 the	proportions	of	different	baseline	 stocks	
for	each	mixture	sample.	In	model	2	(informative	prior,	genetic	data	
only),	we	 integrate	the	genetic	data	with	the	population	dynamics	
model	prior	 for	 spatio-	temporal	 stock	 composition.	Models	1	 and	










Sample size  
































     |  1021Methods in Ecology and EvoluonWHITLOCK eT aL.
2.5 | Prior for mixture stock composition




















time	 step,	a	 denotes	 age	 and	 s	 denotes	 stock,	 s	 =	 1,	 ...	 ,S	 (below	
we	present	results	from	a	single	year	of	genetic	data,	but	the	mod-
el’s	implementation	allows	for	multiple	years).	We	define	two	stock	
groups	 (g)	 in	 the	 migration	 model:	 wild	 stocks,	 g = 1; and reared 







the	 dataset	 by	 specifying	 either	 a	 marginal	 or	 conditional	 distribu-
tion	 for	 each	variable	 of	 the	model.	Marginal	 prior	 distributions	 are	




2.5.1 | Initial conditions t = 1
The	number	of	salmon	from	stock	s	in	western	box	i	on	15	April	(t = 1)	
is	given	by:






Sampling location and 
model box
Sample size  
(number of  
individuals)
Proportion 





Sweden	S1	24,	1 58 1.00 0.93
Sweden	S2	24,	2 135 0.97 0.93
Sweden	S3	24,	2 49 1.00 1.00
Sweden	S4	23,	1 50 1.00 0.00
Finland	F1	23,	2 183 0.01 0.50
Sweden	S5	22,	1 178 0.93 0.02
Sweden	S6	21,	1 17 1.00 0.29
Sweden	S7	20,	1 33 1.00 0.61
Finland	F2	20,	2 135 0.99 0.94
Sweden	S8	19,	1 108 0.99 0.81
Sweden	S9	18,	1 141 0.94 0.83
Sweden	S10	17,	1 37 1.00 0.19
Sweden	S11	16,	1 91 1.00 0.16
Finland	F3	16,	2 96 0.99 0.93
Sweden	S12	14,	1 63 0.98 0.23
Sweden	S13	14,	1 86 0.97 0.12
Finland	F4	13,	2 8 1.00 0.88
Finland	F5	13,	1 185 0.99 0.98
Finland	F6	12,	2 127 1.00 0.98
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western	 domain	 of	 box	 i).	 The	 initial	 proportions	 of	 salmon	 from	
each	 stock	 in	 each	 primary	 box	 are	 assumed	 to	 follow	 a	 Dirichlet	
distribution:
We	based	the	 initial	spatial	distribution	of	mature	salmon	on	15	

















1. South	 of	 their	 natal	 river,	migrating	 salmon	move	 in	 a	 relatively	

















where	πi,l,s	 is	 the	probability	of	moving	 l−1	boxes	 in	 the	primary	di-
























i and secondary area k	in	time	step	t	of	year	y
Ninity,i,k,s Number	of	salmon	from	stock	s	in	primary	area	
i and secondary area k	on	15	April	in	year	y
Nmovy,i,j,k,s,t Number	of	migrating	salmon	from	stock	s 
moving	from	primary	area	i	to	primary	area	j 
in secondary area k	in	time	step	t	of	year	y
Nnewy,i,k,s,t Number	of	migrating	salmon	in	primary	area	i 
and secondary area k	after	movement	in	time	
step	t	of	year	y
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by	the	subscript	N),	where	πN,3	denotes	residency.	I	terms	are	indica-
tor	variables;	 for	example,	Ii∈SP1	 takes	the	value	1	 if	 i	 is	equal	 to	the	
(primary)	spawning	area,	and	0	otherwise.	Movement	for	an	example	
stock	(Luleälven)	is	illustrated	in	Figure	2.	See	Supporting	Information	


















1−ρ1,Bl(i,s),G(s)	 is	 the	probability	of	 remaining	 in	secondary	area	1.	bi is 
the	lower	bound	for	the	box	from	which	movement	to	area	i	can	occur,	
defined	as	bi	=	max	(1,	i −	16	+	1).
In	 addition	 to	 fixed	 secondary	 movement	 areas	 for	 all	 stocks	
(Figure	2),	salmon	are	assumed	to	cross	to	the	side	of	their	natal	river	
in	 the	 secondary	movement	 area	 closest	 to	 the	 spawning	 box	with	
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The	expected	number	of	salmon	from	stocks	with	a	spawning	box	
in	secondary	area	1	(Swedish	coast)	 in	primary	area	 i and secondary 
area	2	after	movement	is	given	by:




2.5.2 | Population dynamics t ≥ 2
Equations	for	the	second	and	later	time	steps	are	the	same	as	equa-
tions	presented	for	t = 1,	unless	defined	below.	The	total	number	of	
fish	(non-	migrating	and	migrating)	in	primary	area	i and secondary area 
k	at	time	t	is	given	by:
The	number	of	migrating	salmon	surviving	after	total	mortality	in	


























allele	 frequencies.	Assumption	 (2)	 is	clearly	not	met	 in	 reality;	how-



























This	 Dirichlet	 posterior	 distribution	 includes	 all	 the	 information	



















































































as Oi ϵ	 {1,…,S},	 if	 individual	 1	 belongs	 to	 stock	 2,	 then	O1	=	2,	 and	
P(O1 = 2|q1,…,qs)	=	q2.	 In	 other	 words,	 the	 origin	 of	 each	 individual	
in	the	sample	follows	a	categorical	distribution,	conditional	on	stock	
proportions:
If	the	origin	of	individual	 i	 is	known	(Oi = s),	then	it	is	possible	to	
assess	the	probability	to	find	a	particular	allele	a	 from	the	 locus	 l	of	
that	individual.	This	probability	is	simply	the	baseline	allele	proportion	











=p1,2,2.	 Thus,	 the	 distribution	 of	 alleles	
can	also	be	expressed	using	two	conditionally	independent	categorical	
distributions:















of	 fin-	clipped	 smolts	 by	 year	 (Torneälven	Hatchery,	 Iijoki,	Oulujoki,	
Ångermanälven),	we	used	the	scalar	product	of	proportions-	at-	age	at	
sea	and	the	annual	proportions	of	fin-	clipped	smolts	between	4	and	







where	us,1 and us,2	denote	 the	proportions	of	 fish	 from	stock	s	with	
intact	and	clipped	adipose	fins,	respectively.
2.7 | Simulation study: effect of fin- clipping data
To	 obtain	 an	 indication	 of	 the	 potential	 gains	 in	 assignment	 ac-
curacy	when	using	 fin-	clipping	observations	 for	Baltic	 Sea	 salmon	
stocks,	we	estimated	stock	of	origin	using	the	microsatellite	obser-
vation	model	 described	 above	with	 10	 sets	 of	 200	 individuals	 (of	
known	 stock	 of	 origin).	Mixture	 genotypes	were	 sampled	without	




fin-	clipping	observation	model	 for	 each	 sample.	We	assumed	 that	
fin-	clipping	 information	 was	 available	 for	 89%	 of	 individuals,	 the	
average	among	mixture	samples	 in	 the	Gulf	of	Bothnia	case	study	





Models	 were	 implemented	 in	 JAGS	 version	 4.00	 (Just	 Another	
Gibbs	 Sampler;	 Plummer,	 2015)	 using	 the	 rjags	 interface	 (Plummer,	
2016)	 to	 R	 version	 3.2.3	 (R	 Core	Team,	 2015).	A	 burn-	in	 period	 of	
320,000	 iterations	 was	 used,	 after	 which	 480,000	 more	 iterations	
were	 kept	 and	 thinned	at	 an	 interval	 of	250	 to	yield	 a	 final	 sample	
of	 1,920	 iterations.	 Four	 chains	were	 run	 in	 parallel	 for	 all	 models.	
Convergence	 to	 the	posterior	distribution	was	assessed	using	visual	
inspection	 of	 trace	 plots	 and	 using	 the	 Gelman–Rubin	 diagnostic	
(Gelman	&	Rubin,	1992).
3  | RESULTS
5.54%	 of	 Gelman–Rubin	 diagnostics	 were	 greater	 than	 1.01,	 while	
only	0.75%	were	greater	than	1.05	(continuous	model	parameters	and	
variables)	 indicating	 convergence	of	MCMC	chains	 to	 the	posterior	
distribution.	 Sample	 trace	 and	Gelman–Rubin	 plots	 (Figures	 S1	 and	
S2)	 and	 posterior	 predictive	 checks	 are	 provided	 in	 the	 Supporting	
Information.
Spatio-	temporally	 structured	 MSAs	 for	 Baltic	 salmon	 revealed	
strong	variation	 in	 estimated	 stock	 composition	 between	 areas	 and	
over	time	within	a	single	model	area	(Figures	3	and	4).	The	temporal	
variation	within	a	given	area	meant	 that	 the	mixture	could	be	dom-
inated	 by	 different	 stocks	 at	 different	 times	 during	 the	 3.5-	month	
	period	we	studied	(Figures	3	and	4).
Moving	along	a	gradient	from	a	less	to	a	more	informative	sit-
uation,	differences	 in	 inferences	about	 stock	composition	 in	 time	
and	 space	 became	 apparent.	 Under	 the	 uninformative	 prior	 sce-
nario	 (i.e.	 genetic	 data	 only),	 stock	 composition	 parameters	 are	
only	updated	 in	boxes	and	time	steps	with	genetic	marker	obser-






































the	 population	 dynamics	 prior	with	 genetic	 and	 fin-	clipping	 data	
led	to	appreciable	gains	in	the	precisions	of	stock	composition	es-
timates	 compared	 with	 either	 a	 prior-	only	 or	 data-	only	 scenario	
(Figures	3	 and	 4)	 and	 small	 gains	 in	 precision	 compared	 with	 a	
prior-	plus-	genetic	data-	only	scenario	(Figures	3	and	4).	It	appeared	




The	 improvement	 in	 inference	 gained	 by	 the	 inclusion	 of	 fin-	
clipping	 information	 is	 perhaps	 best	 illustrated	 at	 the	 level	 of	 in-











     |  1027Methods in Ecology and EvoluonWHITLOCK eT aL.
dynamics	 and	 information	 about	 stock	 type	 (wild	vs.	 reared)	 from	
adipose	fin	observations	 (Figure	5).	For	example,	using	an	uninfor-
mative	prior,	the	most	probable	stock	of	origin	for	the	third	individ-
ual	 in	 Figure	5	 is	 Byskeälven	 (wild),	while	 embedding	 the	 genetic	
observation	model	within	a	prior	for	population	dynamics	results	in	
Skellefteälven	 (reared)	being	 the	most	probable	 stock	of	origin.	 In	
this	case	(third	row	of	Figure	5),	there	appears	to	be	some	conflict	










in	 the	 southern	 and	 central	 main	 basin	 of	 the	 Baltic	 Sea	were	 up-




























tive	 about	 patterns	 of	 longitudinal	movement,	with	 two	movement	
modes	 (Figure	8b	and	c	cf.	Figure	8d	and	e)	emerging	 in	addition	to	
a	movement	mode	consisting	of	0	 longitudinal	movement	 (mode	1).	
Under	movement	mode	2	 (Figure	8b	 and	 c),	 there	was	 a	 pattern	of	
net	 west-	to-	east	 movement	 around	 the	 Quark	 (longitudinal	 move-





















































position	 results	 showed	 a	 pattern	 of	 predominance	 of	 stocks	 with	
the	 spatially	 closest	 spawning	 boxes	 (Figure	11).	 Stock	 composition	
at	sampling	sites	along	the	Finnish	coast	of	the	Gulf	of	Bothnia	was	












3.1 | Effect of fin- clipping data
Analyses	 with	 simulated	 data	 indicated	 that	 an	 auxiliary	 marking	
such	 as	 fin-	clipping	 can	 impact	 estimates	 of	 mixture	 population	
proportions	 (Figure	12)	 and	 improve	 the	accuracy	of	 individual	 as-
signments.	 Mean	 (over	 individuals)	 assignment	 accuracies	 with-
out	fin-	clipping	observations	ranged	between	59%	and	69%,	while	
mean	 assignment	 accuracies	with	 fin-	clipping	 observations	 ranged	
between	 65%	 and	 74%	 for	 the	 10	 simulated	 datasets	 evaluated.	
The	overall	 average	 gain	 in	 assignment	 accuracy	using	 fin-	clipping	
data	was	5%	(assignment	accuracy	with	fin-	clipping	data	minus	as-
signment	accuracy	without)	for	Gulf	of	Bothnia	salmon	stocks.	This	
increased	 accuracy	 was	 most	 pronounced	 for	 genetically	 similar	










tion	 dynamics	 and	management	 of	 species	with	 genetically	 distinct	
subpopulations),	 particularly	 where	 a	 hierarchical	 structure	 can	 be	
used	to	describe	differences	among	members	of	the	same	group	(in	
our	case	genetically	distinct	stocks	of	Baltic	salmon).









The	 advantages	 of	Bayesian	 statistical	methods	 for	mixed	 stock	
analysis	are	widely	recognized,	although	the	potential	to	incorporate	
prior	 information	 is	 often	 overlooked.	We	 developed	 a	mechanistic	
model	 of	 population	 dynamics	 as	 a	 prior	 for	 spatio-	temporal	 stock	
compositions.	Our	study	demonstrates	the	benefits	of	utilizing	avail-
able	prior	knowledge	 in	 the	context	of	genetic	MSA,	both	 in	 reduc-
ing	uncertainty	in	stock	composition	estimates	in	areas	and	at	times	
when	 observations	 have	 been	made,	 and	 in	making	mechanistically	
based	inferences	about	stock	composition	in	areas	and	at	times	when	
data	 are	 lacking.	This	 represents	 a	 step	 forward	 in	 the	 use	 of	 prior	
information	in	MSA	problems	with	spatial	and/or	temporal	structure	
from	earlier	studies	that	assumed	equal	prior	mixture	proportions	or	





























an	approximately	10-	day	 later	arrival	date	 for	 reared	salmon	stocks	 in	
the	northern	Gulf	of	Bothnia,	 compared	with	wild	ones.	 In	our	 study,	
the	posterior	median	of	 the	hyper-	prior	mean	migration	start	date	for	
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coarse	 spatial	 resolution	 of	 the	model	 and	 flexible	 description	 of	




trap	 net	 fishery,	 allowing	 estimation	 of	 stock-	specific	 harvest	 rates	
and	escapement	 for	 the	coastal	 fishery,	 is	planned	as	 the	next	 step	
in	 this	work.	 Extending	 the	 analysis	 to	multiple	years	within	 a	hier-




modelling	 process	 and	 observation	 error	 can	 reduce	 bias	 in	 param-
eter	 estimates,	 confidence	 intervals	 and	hypothesis	 tests	 (Maunder,	
Deriso,	 &	 Hanson,	 2015;	 de	 Valpine	 &	 Hastings,	 2002).	 Extending	
the	model	to	a	state–space	framework	is	a	further	avenue	for	model	
development.
In	 summary,	 we	 have	 developed	 a	 model	 for	 jointly	 inferring	
the	 movement	 dynamics	 of	 multiple	 populations,	 demonstrating	
the	 method	 using	 data	 from	 fisheries	 on	 Gulf	 of	 Bothnia	 salmon	
stocks.	This	tool	can	potentially	be	used	to	evaluate	spatio-	temporal	
management	actions	for	mixed	stock	fisheries.	In	the	case	of	Baltic	
salmon	 it	 will	 enable	 allocation	 of	 fishing	 effort	 to	 target	 reared	
and	healthy	wild	stocks	while	avoiding	weak	ones.	Overall,	genetic	
marker	data	appear	to	have	strong	potential	to	inform	population-	
specific	 management	 of	 migratory	 species,	 with	 enhanced	 util-
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provided	 data	 on	 ascending	 spawner	 counts	 in	 the	 Torne	 and	
Vindelälven	Rivers	 in	2014.	Tore	Prestegaard	 and	Emma	Lind	per-
formed	laboratory	work	and	pre-	processing	of	genetic	data.	Anders	
Asp	 created	 all	map	 figures	 in	 the	manuscript.	 R.W.,	 S.P.,	 J.D.	 and	
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